Transmitting messages in the most efficient way as possible has always been one of politicians main concerns during electoral processes. Due to the rapidly growing number of users, online social networks have become ideal platforms for politicians to interact with their potential voters. Exploiting the available potential of these tools to maximize their influence over voters is one of politicians actual challenges. To step in this direction, we have analyzed the user activity in the online social network Twitter, during the 2011 Spanish Presidential electoral process, and found that such activity is correlated with the election results. We introduce a new measure to study political support in Twitter, which we call the Relative Support. We have also characterized user behavior by analyzing the structural and dynamical patterns of the complex networks emergent from the mention and retweet networks. Our results suggest that the collective attention is driven by a very small fraction of users. Furthermore we have analyzed the interactions taking place among politicians, observing a lack of debate. Finally we develop a network growth model to reproduce the interactions taking place among politicians.
I. INTRODUCTION
The electoral campaign is a period preceding elections where political parties do an organized effort so that their candidates garner supporters. Maximizing the influence of their messages over voters is the main objective. In this way, politicians use different techniques to transmit their messages in the most effective way to their potential voters, such as mass meetings, rallies, husting or media management. Understanding and exploiting in a more efficient way the available resources for information flow than your opponent can make the difference.
Over the last century mass media has been monopolized by "old media", such as televisions or newspapers. However nowadays we are attending to a transition where a new interactive online social media world is settling its bases. Online social networks, such as Twitter with over 200 million users, have become ideal platforms for information flows. This has been noted in [1] where they reported that these tools may serve as a framework for discussion. Other studies have been directed towards identifying influential users [2] or discovering its commercial usage [3] . Moreover the percentage of population using online social networks has increased in recent years, reaching in Spain a 42% of the population, quantity that is almost duplicated (82%) for young adults between 18-29 years old [4] .
Following the idea "one must be where people are", politicians are now present in the most popular online social networks. However some politicians do not have a defined strategy for the usage of these tools and the rest are still far of exploiting all the available potential. The importance and popularity of social media in politics became clear with Obama's campaign for the 2008 U.S. Presidential elections and his famous tweet: "This is history...", posted just after winning the elections. This fact attracted not only popular, but also scientific attention, making political conversations in Twitter a popular subject for research. Lately, the data gathered from Twitter has been used as a "social sensor" to predict election outcomes [5] . Other studies have focused in analyzing the interactions between different political communities [6] , and finally a proof-of-concept-model has been developed [7] to predict candidate's victory.
In this article we introduce a new parameter that measures the ratio of the support in Twitter between two candidates, which we call the Relative Support, and apply it to the 2011 Spanish Presidential elections, to show how it can be used to indicate and quantify which candidate and in which proportion is getting more benefits from events occurring offline. We further study the dynamical patterns emergent from the Twitter mention and retweet networks within the framework of complex networks theory [8] [9] [10] . We also interpret politicians behavior by filtering these networks and analyzing the interactions going on between the different political parties. Finally we introduce a model based on the heterogeneous preferential attachment formalism [11] capable of growing political conversations and illustrate it by reproducing the mentions and retweets taking place in Twitter among politicians.
II. SYSTEM
The present work is based on data collected from the online social network Twitter. This web application allows people to post and exchange text messages limited by 140 characters. There are several interaction mechanisms in Twitter to transfer information. The first of these is the ability of people to follow and be followed by other users. This is a passive mechanism that allows users to receive the messages written by their followees in real time. The Twitter's followers network is a directed graph where non reciprocal relations are admitted and it states the social substratum through which information may flow. Previous studies have reported a high heterogeneity in the followers distribution [12] . Another important mechanism to interact is the retweet or message retransmission. This mechanism allows individual messages to propagate throughout the network and serves as a way for people to endorse their point of view over specific subjects [13] . In addition to this, another relevant way for direct interaction is the mentions mechanism. By mentioning someone's username in the message text, people is able to send directed messages to the mentioned user's inbox. This mechanism is often used to establish conversations between users, through the exchange of messages, or just to refer somebody in the message's text [1] .
Our dataset is constructed from public access messages posted in Twitter, related to the 2011 Spanish Presidential elections. We downloaded all the messages that included the keyword 20N, using the Twitter API interface, in a three week period including the election day. We chose this keyword because is an ideologically neutral identifier, used by all the political parties during the campaign and voting day. In summary we analyzed over 370.000 messages, written by over 100.000 users. We found that 40% of the messages were retweets, and over 25% contained at least one mention. This fact makes the event quite relevant, since it has been reported that retweets represent about 4% of the overall messages [14] .
III. RESULTS AND DISCUSSION

A. Time Series
We can begin to understand how the Spanish political landscape is reflected in Twitter by comparing the number of times that each political party has been mentioned during the 20N discussion and the number of votes it obtained in the elections. Previous studies show that there is a correlation between the number of times a political party is mentioned during an electoral campaign on Twitter and the number of votes the political party obtains [5] . These results are backed up by our study, where we find tweets to be a quite accurate survey. We prove this statement by ordering the political parties with at least a 1% of votes by the number of votes they obtained and comparing it to the number of times they were mentioned during the 20N conversation. The results are presented in Table I , where the name of these parties and their acronyms can be found. We observe that the only deviation from the predicted order is the swap of positions between UPyD and IU. Despite IU obtaining more votes, UPyD was mentioned more times. This can be explained by the much more active Twitter campaign done by UPyD in comparison to IU, that barely used this media to campaign, as it can be seen in Table I .
Since in Spain there are two main political parties that outstand on top of the others, we focused our study on them. We analyze the time series of the accumulated tweets mentioning at least one of these parties, PP and PSOE, or their candidates, Rajoy and Rubalcaba. Looking at Figure 1A we can state two things: Firstly tweets contain more mentions to the political parties rather than to their candidates; secondly the more conservative party, PP and its candidate Rajoy, were much more mentioned than PSOE and Rubalcaba. One of the most important results we have obtained studying the 20N Twitter conversation, is that the time series of the accumulated tweets mentioning political parties or candidates present piecewise linear growth, as it is showed in Figure 1B . On top of that the points where the slope increases coincides with important events occurring outside Twitter that fuel the activity of the conversation, which occur at the same time for both parties. This fact makes us think about the ratio between the rate at which the cumulative mentions to two political parties grow as a better indicator of the outside political support to each party, than just the raw number of mentions. Following this idea we define an instant indicator of the support in Twitter between two political parties, which we call the Relative Support parameter RS A B , given by the following expression:
where m A and m B are the slopes for the accumulated mentions to the A and B political parties. From our point of view there are two days of special relevance in our study: the debate between the two main candidates that took place on November 7th, and the voting day on November 20th. We did a further analysis of these two days.
During the debate, people's attention was completely focused on the two candidates, Rajoy and Rubalcaba. This provoked that, contrary to what happened during the whole campaign, the candidates were more mentioned than their corresponding political parties, as it can be seen in Figure 1A . Therefore, for this period, we studied the time series of the accumulated mentions to the candidates rather than the parties. The majority of tweets about 20N posted on this day are concentrated on the two hours that lasted the debate, with a total of 2.733 messages mentioning Rubalcaba and 4.150 mentioning Rajoy. In Figure 1C we present a detail of the time series of the accumulated tweets for the candidates during the debate. We can observe that, in accordance with what we said before, both series present linear growth, being the slopes for both candidates constant during the whole debate, and changing its value at the end of it. The Relative Support during the debate was RS Raj Rub = 1, 53, Rajoy over Rubalcaba. This value is pretty close to the relation between the votes (1,55) obtained by the two candidates thirteen days after (see Table II ). 
The election day survey is one of the most relevant and reliable surveys to predict election outcomes. This makes us believe that a further study on this day must be done when analyzing election results. As it can be seen in Figure 1A , the major increase of political mentions occurred during the voting day, what reinforces our idea about the importance of this day. In Figure 1B we show a detail of the time series of the accumulated messages from 8:00 to 21:20 for the Spanish political parties. In correspondence with our theory of piecewise linear growth, in Figure 1B we can distinguish three important regions (D, E, F) of the space-time for this day: "Voting time", "Waiting for results", "Results release", that we further discuss, and present in panels D, E and F. VOTING TIME (8:00-19:00). This panel covers the entire voting period, from the opening of the electoral colleges to the closure. Over 7.500 tweets containing either PP or PSOE were posted. From the four panels studied in detail ( Figure 1C , D, E, F), this one presents by far the lowest activity per hour, what makes it the less representative sample. The Relative Support took a value of RS P P P SOE = 2, 31 in favor of PP, indicating that PP users were much more enthusiastic than PSOE.
WAITING FOR RESULTS (19:00-20:00). This period lasts only one hour, starting with the closure of polls and ending when the first news were released. This first news informed about the participation statistics, and gave provisional results for a 5% scrutiny. Over 5.000 tweets mentioning either of the two main parties were posted during this hour. During this period the Relative Support parameter estimated quite accurately the upcoming results, taking a value of, RS P P P SOE = 1, 64 in favor of PP. RESULTS RELEASE (20:00-21:30). This region covers the entire period in which the results were given, starting with a 5% of scrutiny and ending with an 85%, point at which the politicians made their first speeches. It was the period with more activity per hour in Twitter of the whole study, with more than 13.000 tweets posted mentioning PP or PSOE. The measure of the Relative Support while results were given was of RS P P P SOE = 1, 41, pretty close to the relation between the votes of the two parties, as it can be seen in Table II .
Summarizing, we have centered our study on the two dominant parties of the Spanish political landscape and observed that in this system the relation in votes and tweets between them coincides quite precisely (Table I) . We introduce a new measure to study political support in Twitter, the Relative Support between two parties RS A B , which we see as a useful tool to study future elections or to determine how Twitter users react to external events, and who gets more popular with them. In our study we identify the debate between the two candidates (7th of November) as the key point in Twitter. This was the point where users of the social network began to actively participate in the 20N conversation, and during the two hours of debate people reflected their preferences in Twitter, RS P P P SOE = 1, 54. The lack of external critical political events during the campaign and the firmness of people's vote intention, maintained the ratio of tweets constant around this value along the whole campaign. Although future work should be done in applying the RS parameter to other elections, we believe that this parameter is capable of revealing election outcomes even when offline events occurring at the last minute change voter support. In this way it would have detected Zapatero's victory against forecast in the 2004 Spanish Presidential election, that took place four days after the 11M terrorist attack.
B. User Interactions
So far we have seen that the user activity is correlated with the election results. In this section we will further analyze such activity and characterize its emergent structural and dynamical patterns based on the Twitter interaction mechanisms. First of all, we have analyzed the cumulative probability distribution for the user activity, that we define as the number of messages posted by user. This distribution follows a power law in the form P (x > x * ) = x −β , where β = 1, 275 ± 0, 002, as shown in Figure 2A . Such exponent is within the expected values for scale-free human activity phenomena [15] . This implies a very high heterogeneity level in user behavior. In fact, we found that half of the messages were posted by only 7% of the participants, who were the most active users and posted from 8 to over 4.000 messages each, while the other half of the messages were posted by the remaining 93% of users, who posted less than 8 messages each. Similar results were obtained in the study of the 2009 German elections [5] and in the study of the 2005 Canadian elections [16] , who concluded that the political discussions during the campaign in social media were controlled by a very small fraction of the participants. However, it is unclear whether this activity really represented an actual discussion or debate. To answer this question we will next analyze the user activity taking into account the way participants interacted with each other, either by the mention or retweet mechanisms. Therefore we have built two networks according to "who mentioned who" and "who retweeted (or retransmitted) who". Both networks have directed and weighted edges [8, 17] , whose weight is directly proportional to the number of times that a user has mentioned or retweeted another user. In total, the mention network has over 39.631 nodes and 86.029 links, while the retweet network has over 75.546 nodes and 153.549 links. In Table III we present the networks' main properties, some of which we will discuss next In Figure 2B we present the in strength cumulative distribution for both networks. The in strength indicates the number of mentions received by user, and the number of retweets gained by user, respectively. Both measures are related to the level of collective attention that users may gather along the conversation. The in strength distributions follow power laws in the form P (x > x * ) = x −β where β M = 1, 14 ± 0, 01 and β R = 1, 051 ± 0, 008. Once more, such distributions display a high heterogeneity level found in the users profiles. As a matter of fact, we found that just 1, 04% of the users were target for half of the total mentions and 2, 24% of the users wrote the messages that caused half of the total retransmissions. These results show that both mechanisms are highly elitist, since a remarkably small fraction of users, mainly compound by media and politicians, concentrate half of the collective attention, while the large majority individually attracted only a few. Such collective attention is built out of adding individual efforts, which are characterized in the out strength distributions, shown in Figure  2C . These distributions indicate the amount of mentions or retransmissions made by user, respectively. For the mention network we found a power law distribution in the form P (x > x * ) = x −β where β M = 1, 438 ± 0, 001, and for the retweet network we found that the data fit better to an exponentially truncated power law in the form P (x > x * ) = x −β e −x/c where β R = 1, 479 ± 0, 005 and c = 130±30. As we found on the overall user activity distribution, the out strength distributions show that a small fraction of users (7, 71% for mentions and 12, 41% for retweets) concentrated over half of the activity, while the majority of users who concentrated the other half (92, 29% for mentions and 87, 59% for retweets), mentioned less than 8 users and retweeted less than 4 messages.
In order to unveil how such heterogeneous users interacted with each other, we have also calculated the assortativity by degree coefficient for both networks [18] . As our networks have directed edges, we have calculated this measure by splitting it into combinations of in and out degree pairs [19] . As shown in Table III , we found the out-in and the in-in pair to be slightly disassortative for both networks (r . These results reinforce the asymmetric shape detected of these networks, where the hubs that concentrate much of the incoming links, are often targeted by regular users, who neither mention nor retweet too much, and receive few of the collective attention. The out-out pair seems to be slightly assortative for the retransmission network (r R out,out = 0, 087), which implies that users who retransmit a lot, also target users who also retransmit a lot. This result is related to the fact that retransmissions occur in cascades [20] , contrary to mentions that do not imply an explicit propagation process, and actually presents a minor degree of disassortativity (r M out,out = −0, 039). Finally, we found the in-out pair to be a little assortative for the retransmission network (r R in,out = 0, 017), and practically not correlated for the mention network (r M in,out = −0, 005). This implies that the highly targeted people, do not tend to target an specific kind of user.
Previous works on network assortativity [18] , state that social networks tend to be assortative, as popular people want to be friend with popular people, and regular people are usually friends among the regular people. However our measures indicate the opposite. This was already reported by Hu and Wang [21] , who detected that most online social networks are disassortative and in the same order as the networks of our study. The reason for this result is that online relations are different from real life ones. For example in Twitter, regular people are now able to relate and communicate with popular accounts, either by following, mentioning or retweeting their messages. This new kind of interactions are responsible for the changes in the structural and dynamical patterns previously reported on social networks.
We have also carried out a community structure analysis for both networks based on a random walk algorithm [22] and found that this conversation also presents a modular structure. In fact the largest modules in the mention network are formed around politicians, while mass media accounts centered the largest modules in the retweet network. In an effort to further discover the role that politicians and mass media accounts have played during the election campaign, we have analyzed how users men- tioned and retweeted these accounts. We found that most mentions were targeted to politicians (77, 83%) while the most retweeted were mass media accounts (63, 24%), as it can be seen in Figure 3A . The importance of mass media accounts in the retweet network becomes even more clear during important offline events that produce activity bursts (e.g. Election Day shown in the panel B of Figure 3 ). Therefore we confirm that retweets are used by users to propagate news, originally posted by the traditional media, and to endorse individual opinions.
In summary, we found that most of people participated by posting only a couple of messages that were mostly targeted to a minority part of the participants. Such elitist group is mainly compound by popular accounts, like media and politicians, and provokes the emergence of communities around them due to their high influence. Furthermore, most of the interactions occurred in one way only, since just a small fraction of the edges, 2, 17% for mentions and 0, 99% for retweets, were bidirectional (see Table III ). This lead us to suggest that users do not actually discuss with each other. In fact, the interaction mechanisms were mainly used to campaign rather than debate, as we will see in the following section.
C. Political Interactions
In order to more deeply understand the political landscape in Twitter, we have analyzed the political filtered mention and retweet networks. Our target is to find patterns that help us understand how politicians interacted during the campaign. For this matter we have filtered the previously mentioned networks, only remaining the official politician's accounts from those parties with over 10 participants in the conversation. We found that politicians do not relate to each other randomly and that they use the different interaction mechanisms with specific purposes. The cumulative strength function distribution of both networks are shown in Figure 4 . In order to understand the way politicians used both mechanisms, we have analyzed the mention and retweet networks by measuring assortative mixing patterns according to discrete characteristics. Therefore we have classified all nodes according to the political party they belong to, and calculated the assortativity coefficient r over the matrix e ij , that defines the fraction of edges going from one party to another, as described by Newman in [18] . We found r to be close to 1 at both networks (r M = 0, 905 and r R = 0, 990), as presented in Table IV , which means that politicians mentioned and retweeted mostly their own partisans. However, mentions tend to happen across parties a little more than retweeting, which is the most segregative interaction found. This result indicates a considerable lack of debate between the politicians and reveals some of the strategies followed by them during the campaign. A previous work on Korean elections [23] , reported that mentions between politicians reflect the political alliances between candidates. However we find retweets to be a more overwhelming interaction to map the political endorsements, as it presents the highest assortative mixing coefficient. This issue has already been pointed out during the 2010 U.S. Congress elections, where retweets were found to be more ideologically polarizing than mentions among regular users [6] .
To further explain the structural features found in the interactions between politicians, we propose a model based on the heterogeneous preferential attachment formalism [11] . The idea behind it, is that the probability of a node i interacting with a node j not only depends on their respective degree, but also of the affinity between them. In our model nodes (politicians) are classified according to discrete characteristics (political parties). Thus the probability of appearance of a new interaction from any politician, i , belonging to party A, to a politician j, who belongs to a party B, is given by the following expression:
where S j is j's strength, and f AB , is the affinity value from A to B. The first factor of equation 2 corresponds to the local connection at microscale, and the second one to the mesoscale. We implement this model in the mesoscale by grouping all the politicians of the same party in a supernode labeled with the name of the party. The properties of these supernodes are determined by those of the nodes inside them, and the number of interactions, N , between them can be obtained from the e ij matrix [18] . In this way the affinity value between two politicians will be determined only by their political parties. We represent the directional affinity between political parties by an f matrix whose elements quantify the relative flux of interactions from A to B. Using this notation we can model the structure of the f matrix as:
where N AB is the total flux going from A to B and N A is the total flux going out from A. After understanding the structure of the system's mesoscale, it's time to model the microscale. In this scale the probability rule for interactions between politicians is based on the preferential attachment model [24] . In the sense that the likelihood of a node, belonging to party B, to receive a new interaction, increases with the node's strength.
To implement the model we have calculated the experimental f matrix of each network, considering only those parties with over 10 politicians participating in the conversation. Also we have assigned a random number of outgoing edges to the newly added nodes, following power law distributions of exponents: γ M = 1, 3 for the mention network and γ R = 1, 6 for the retweets one. In this way we modeled the resulting distributions by simulating the heterogeneity found in the users behavior and using the same microscale connection rule for both interaction mechanisms. In Figure 4 we present the resulting cumulative strength function distribution for both networks, after having averaged over 1.000 realizations. It can be noticed that the model reproduces perfectly the strength function distribution for both networks, and maintains the assortative mixing levels as presented in Table IV .
IV. CONCLUSIONS
The perfect political campaign strategy has been eternally chased by politicians. To that effect we have tracked voter sentiment and uncovered the underlying structure of the campaign in Twitter, measuring the impact that different events have produced on politicians popularity and analyzing the roles played by the various users. For this matter, in this paper we propose a parameter that measures the relative support in Twitter between two candidates, and apply it to our case of study: the 2011 Spanish Presidential elections. Furthermore we have analyzed the graph structural and dynamical patterns emergent from interactions taking place among users, finding out that the collective attention is driven by a very small fraction of users, who dominate the interaction mechanisms. We have also analyzed politicians behavior finding a profound segregation and lack of debate among them. Finally we propose a network growth model based on heterogeneous preferential attachment, to explain the emergence of such segregated modules in the politician's networks. Despite we can't assure that the campaign on Twitter determined the election outcomes, our results suggest that there is a strong correlation between the activity taking place in Twitter and election results. This fact suggests that further research should be done on identifying the most efficient techniques to influence voter sentiment in Twitter.
